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Understanding how proteins are physically organized into complexes and pathways is increasingly
based on observations from high-throughput experiments.  Yeast is a widely used model for
eukaryotic proteomics.  Evidence from high-throughput experiments is unreliable, however, due to
high false-positive and false-negative rates.  We investigate algorithms for inferring protein
complexes from noisy proteomics data, expanding a subset of known members into a full complex.
The protein interaction data is represented as an undirected weighted graph, with proteins as
vertices and edge weights representing the confidence measures. We use confidence measures
estimated previously by naïve Bayes (NB) [1], logistic regression (LR) [3], and decision trees (DT)
[4].

We investigate two classes of algorithms, deterministic and probabilistic. The deterministic
algorithms, BESTPATH [2], SPE [1], and SUMPATH (this work), calculate the threshold
neighborhood around each seed protein, with the threshold depending on edge weights rather than
on the raw number of links.  The probabilistic algorithms, PRONET [1], PROPATH-EXP (this
work), and PROPATH-ALG (this work), generate an ensemble of networks using the edge weights
as probabilities that each edge occurs.

We compare the performance of these algorithms by assessing their ability to extract a known
complex based on partial knowledge of its components.  We use 23 known complexes from MIPS
and generate 10 random 50-50 splits of the complex into seed proteins and target proteins.  The
seeds are used as input seeds for each of the algorithms, which returned lists of proteins ranked by
decreasing likelihood of membership in the same complex as the seeds.  This ranked list is used to
calculate TP (true-positive) rate and FP (false-positive) rate by comparing with the target protein
list.  Performance is visualized by graphing the TP rate vs. FP rate graph (Fig 1).  Quantitative
measures such as normalized AUC (Area Under the Curve) and FP-50 (false-positive rate at 50%
recall) help to rank the algorithms (Table 1).  A graph depicting the recovered complex (Fig 2)
offers a direct visualization.

We find that BESTPATH, a simple deterministic algorithm, performs at least as well as the other
algorithms, including the novel probabilistic algorithms.

The PRONET algorithm was designed for edge weights defined as the probability of a direct
interaction, which is how the NB confidence scores were trained.  The other algorithms permit edge
weights to also include the probability that proteins are co-complexed with or without a direct
interaction, which is how the DT confidence scores was trained.  The LR scores were trained
similarly to the DT scores, except that the prior estimate for Pr(edge)/Pr(no edge) was set to 1
rather than fit or optimized.  Thus, it is not strictly appropriate to compare results for PRONET
with the LR or DT networks.  Nevertheless, even for the NB network, the BESTPATH algorithm
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provides better results for this limited test.  The other probabilistic algorithms may be more robust
to errors in the confidence score statistical models.

Figures and tables
Type of
algorithm

 Algorithms Ref Avg. Rank
(1 = best) /
NB Rank

AUC 0.5%(%)a FP-50(%)b

NB LR DT NB LR DT

Deterministic BESTPATH [2] 1.33 / 2 16.93 36.61 35.31 7.691 0.91 0.91

Deterministic SUMPATH This work 3.66 / 3.5 13.25 0.1136 9.182 8.082 21.65 5.842

Deterministic SPE [1] 4 / 4.5 5.356 3.24 1.743 10.53 5.84 9.284

Probabilistic PROPATH-EXP This work 2.83 / 2.5 18.11 332 1.743 31.64 1.362 9.355

Probabilistic PROPATH-ALG This work 2.83 / 2.5 18.11 32.83 1.743 31.64 1.373 9.273

Probabilistic PRONET [1] 5.17 / 4 16.74 0.2645 0.66 31.64 29.86 48.46

Table 1: Summary of methods. a AUC 0.5%: area under the curve (AUC) at a false-positive rate of 0.5%, in
percentage scale.  For each network, each algorithm was ranked 1-6 in performance, 1 = best, 6 = worst, for
AUC-0.5 and FP-50.  The ranks were averaged to give an overall measure of each algorithm’s performance.
The ranks for the NB network, which contributed to the average, are shown separately.
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Figure 1: Receiver operating characteristic (ROC)
curve characterizes the performance of algorithms to
extract protein complexes from protein interaction
networks.  Six algorithms have been compared.
Confidence scores are from NB.

Figure 2: Histone acetyltransferase
complex recovery graph.  Black nodes stand
for proteins in the known complex with high
score; gray nodes stand for proteins in the
known complex with low score; white nodes
stand for proteins not in the known complex
but have high score (SGF73 and SGF29),
which constitute our prediction.


